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Abstract
To identify nursing home vulnerability attributable to location using a triangulated approach that includes historic 
natural hazards, community vulnerability and nursing home attributes, we use an inductive-hierarchical vulnerability 
index construction model. Principal components analysis (PCA) is used for two inductive models of community (CLI) 
and natural hazard (HLI) vulnerability. Analytical hierarchy process (AHP) is used to determine weights, according 
to expert ranks, for a hierarchical model of nursing home facility level vulnerability (NHLI). These three sub-indices 
are combined using an equal weights hierarchical approach to create a multivariate nursing home vulnerability 
index (MNHVI). Hazard level vulnerability is predominantly attributable to storm surge, minor hurricanes, and 
inland flooding. Drivers of community level vulnerability were found to be poverty and minority population, age, 
income and housing, Hispanic population, family status, employment type and female gender, and nursing home 
population. Nursing home vulnerability is found to be higher for tracts and counties that house nursing home 
residents with decreased or limited mobility. The clusters throughout the study area that were identified as the 
most vulnerable for the MNHVI are predominantly attributable to their geographic location along the coastline. 
The mapped outputs can provide nursing homes with an easily distributable form of visual and quantitative 
information to share with emergency management agencies, family members or representatives of residents in 
nursing homes. This study can also assist administrators in risk assessment, development of policies and procedures, 
communication planning, and personnel training to comply with emergency preparedness regulations.
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To identify nursing home vulnerability attributable to location using a triangulated approach that includes  
historic natural hazards, community vulnerability and nursing home attributes, we use an inductive-hierarchical 
vulnerability index construction model. Principal components analysis (PCA) is used for two inductive models of 
community (CLI) and natural hazard (HLI) vulnerability. Analytical hierarchy process (AHP) is used to de- 
termine weights, according to expert ranks, for a hierarchical model of nursing home facility level vulnerability 
(NHLI). These three sub-indices are combined using an equal weights hierarchical approach to create a multi- 
variate nursing home vulnerability index (MNHVI). Hazard level vulnerability is predominantly attributable to 
storm surge, minor hurricanes, and inland flooding. Drivers of community level vulnerability were found to be 
poverty and minority population, age, income and housing, Hispanic population, family status, employment type 
and female gender, and nursing home population. Nursing home vulnerability is found to be higher for tracts and 
counties that house nursing home residents with decreased or limited mobility. The clusters  throughout  the 
study area that were identified as the most vulnerable for the MNHVI are predominantly attributable to their 
geographic location along the coastline. The mapped outputs can provide nursing homes with an easily dis- 
tributable form of visual and quantitative information to share with emergency management agencies, family 
members or representatives of residents in nursing homes. This study can also assist administrators in risk 
assessment, development of policies and procedures, communication planning, and personnel training to comply 
with emergency preparedness regulations. 
 
 
 
 
1. Introduction 
 
Over the last decade, there has been an increase in the number of 
billion-dollar weather disasters. In 2017, NOAA reported fifteen dif- 
ferent billion-dollar natural disasters in the United States alone. This 
increase has resulted in a shift in disaster preparation methods, miti- 
gation strategies, and emergency response programs [1,2]. Presently, 
healthcare facilities are required to be involved in collaborative pre- 
paration with their community partners using an all-hazards approach 
[3] and infrastructure situated in flood prone locations are required to 
purchase flood insurance [4]. In response to these disasters and policies, 
the hazards and vulnerability research fields have grown to address 
vulnerability to extreme weather events and disaster management po- 
licies in the U.S [5–9]. Findings from this research indicates that 
communities and their residents are vulnerable to a variety of natural 
hazards and some populations, including older adults, experience more 
harm than their younger peers [6,10,11]. Previous research has shown 
 
the need to geographically identify medically vulnerable older adult 
populations [12]. Nursing homes, and the older adult residents within 
them, are considered medically vulnerable and therefore more sus- 
ceptible to the impacts of natural hazards [13–15]. In a study of post- 
Katrina harm, 30 days post-Katrina, nursing home residents experi- 
enced an additional 277 deaths and 872 hospitalizations. At 90-days, 
579 deaths and 544 additional hospitalizations were observed in this 
demographic [16]. Other studies found that almost one half of the 
deaths following Hurricane Katrina were adults aged 75 and older 
[10,13], and 12% of the fatalities from Katrina and Rita combined were 
in nursing homes [10]. 
Natural hazards research has been a longstanding tradition in the 
field of geography that crosses the social and ecological divide. This 
inherent interdisciplinary approach to research provides an opportunity 
to investigate physical processes, human populations and demo- 
graphics, social-ecological vulnerability, and the spatial distributions of 
these phenomenon [6,7,9,16–22]. Research on natural hazards 
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combine literature from a multiplicity of social and natural sciences, 
health and human services, public safety, public policy, and informa- 
tion technology [9,23]. As more disciplines become involved in the 
social and physical responses to natural disasters, research approaches 
encompass more than only theoretical models and include approaches 
that emphasize the importance of the intersection of geophysical con- 
ditions, social systems, and vulnerable demographics such as nursing 
home residents and older adults [5,24,25]. 
Index creation studies have been used to identify vulnerability of 
various sorts critical, monetary, social, ecological, institutional, infra- 
structural, individual, and of communities [22,23]. Previous research 
has focused on the identification of a social systems vulnerability to 
specific natural hazards such as, hurricanes [6], flooding [17,22], and 
wildfire [26]. Considering vulnerability to specific hazards allows a 
more detailed analysis including specific caveats of that hazard. This is 
appropriate in some situations, but in other scenarios an understanding 
of vulnerability through an all hazards approach is necessary. Conse- 
quently, other studies have taken a multi-hazard approach to identi- 
fying vulnerability of social systems to multiple climatic and socially- 
sensitive hazards [17,19,27–29]; Shirley et al., 2012. The seminal work 
of Cutter et al. (2012) established the Social Vulnerability Index (SoVI), 
which has since become the most well-known index for vulnerability 
assessment at the sub-national level. The ability to quantitatively assign 
vulnerability measures make the SoVI a relatively simple method of 
visually and numerically conveying the complex underlying processes 
[30]. Due to higher concentrations of citizens living in areas considered 
at-risk for hazards (i.e., coastal and flood-prone riverine areas), un- 
derstanding the social characteristics of these populations is becoming 
increasingly important for disaster risk management [7,17]. The SoVI 
uses the characteristics of social groups within a region to quantita- 
tively determine their potential hazard vulnerability, preparedness, 
response, and recovery at a specific point in time [19]. 
Previous studies have identified older adults as being more vul- 
nerable to natural disasters for many reasons, including post-disaster 
psychological stress, inability to comply with evacuation procedures, 
decreased cognitive abilities, limitations of mobility, vision/hearing 
impairments, and fewer economic resources, which can reduce will- 
ingness or ability to evacuate [7,16,31]. These frailties associated with 
physical and psychological impairments have been noted to increase 
the probability of death of nursing home residents during an evacua- 
tion. Post-hazard hospitalization and mortality can be observed with a 
lag period due to the increased physical and psychological vulner- 
abilities directly related to evacuation and indirectly related to the 
hazard occurrence [16]. Despite the risk of evacuating this demo- 
graphic, post Hurricane Katrina public policy, requires evacuation for 
these at-risk facilities. Few studies, however, have examined the spatial 
and institutional vulnerability of nursing homes in relation to social and 
natural hazard vulnerability, which is an important first step in allo- 
cating resources and increasing public awareness. This study identifies 
the vulnerability of each nursing home according to its spatial location 
in reference to historic natural hazard occurrences, surrounding com- 
munity characteristics, facility demographics, staffing, and resident 
quality indicators aggregated to the facility, census tract, and county 
levels. 
 
1.1. Conceptual framework 
 
To accurately conceptualize vulnerability according to natural ha- 
zard frequency, community characteristics, and nursing home data; 
three conceptual frameworks outlined by Fussel [56] were considered. 
Initially, a deterministic conceptualization was used for a Hazards Level 
Index containing variables that consider the frequency of natural dis- 
asters for census units since natural hazards cannot be avoided by 
human development and progress and are therefore unavoidable. A 
socio-ecological framework was employed for a Community Level 
Index, which contains United States Census variables at two scales of 
analysis (i.e. County and Census Tract) and the Nursing Home Level 
Index, which considers variables relating nursing home residents and 
facilities. A socio-ecological framework was employed for the CLI and 
NHLI. The socio-ecological concept was most appropriate for these in- 
dices since they both consider human behavior, perception, and phy- 
sical/social conditions. The theory behind the MNHVI considers a me- 
chanistic approach to vulnerability research where the implementation 
of technological advancements is believed to assist in the reduction of 
vulnerability. The only conceptual approach outlined in Fussel [56] 
which is not considered in this article is the political/economical ap- 
proach, known as the structural theory. This structural theory considers 
the ideology that political structure influences vulnerability more than 
nature, technology, or society. The researchers determined this ap- 
proach to be outside the scope of this analysis and instead emphasized 
the deterministic, the socio-ecological, and the mechanistic frame- 
works. 
 
1.2. Data and methods 
 
The study area is composed of ten states within the southeastern 
United States: Alabama, Florida, Georgia, Kentucky, Mississippi, North 
Carolina, South Carolina, Tennessee, Virginia, and West Virginia. The 
study area was selected due to the proximity to the gulf and atlantic 
coasts, where tropical cyclone and other extreme weather events are 
common (e.g., tornadoes, flash flooding, etc.). 
Data were collected at the nursing home facility level (n = 2824) 
and census tract level (n = 16,284) to assess fine-scale patterns of 
vulnerability. Map outputs  were aggregated  to the county  level  
(n = 924) to aid visual interpretation when necessary. 
Previous vulnerability index research uses one of three structural 
approaches deductive, hierarchical, and inductive to quantitatively 
identify vulnerability [30]. The inductive approach has historically 
been the most commonly used (e.g. Refs. [12,32,33]; and was employed 
for the Community Level Index (CLI), the Hazard Level Index (HLI), and 
as a baseline comparison for the Nursing Home Level Index (NHLI). 
The NHLI measured the inherent vulnerability of the in- 
stitutionalized population and the resources available to support the 
residents (i.e., staffing and organization type) at the facility and census 
tract levels. The HLI, CLI, and NHLI, were created using 15 natural 
hazard variables for the HLI (Table 1), 23 socio-economic variables 
(Table 1), as recommended by the Cutters SoVI model, for the CLI, and 
20 variables for the NHLI (Table 1). Data sources for the HLI include the 
Homeland Infrastructure Foundation Level Database (HIFLD), the Na- 
tional Oceanic and Atmospheric Administration (NOAA), and the Fed- 
eral Emergency Management Agency (FEMA). For HLI data, which were 
not initially aggregated to the county or tract levels, a spatial join 
calculated the frequency of events (i.e., number of tornadoes experi- 
enced by each census tract) for each administrative unit. The SLOSH 
model, which is represented as a raster data set, was converted to vector 
data by calculating percentage of the area the census unit (tract or 
county) intersecting with the SLOSH polygons. All spatial analysis was 
conducted in ArcMap 10.6 [34]. 
Data sources for the CLI included the U.S. Census 2015 American 
Community Survey (ACS) 5-year estimates and the 2010 U S. Census, 
and variables were selected according to the SoVI model [35]. NHLI 
variables were selected from the Centers for Medicare & Medicaid 
Services, Nursing Home Compare Minimum Data Set (MDS), which 
provides an assessment of functional, emotional, cognitive, and disease 
status for all long-term residents (i.e. residents who have stayed in the 
nursing home for 100 days or more) within each institution. As well as 
the public use staffing files and type of ownership (i.e., Staffing and 
Organization Medicare & Medicaid Services, Nursing Home Compare 
data sets). Appropriate vaccinations denote the facility includes pre- 
ventive measures in the care provided as an indication of the quality of 
care. Staffing hours and organization type have been associated with 
quality of care and resident outcomes (ie. lower staffing hours and for- 
Table 1 
Indicator Sets for each Sub-Index. 
Sub-index Variables 
 
Hazard Level Index (HLI) Historic Tornado Tracks (1851–2013) Category 1–3 Hurricane Tracks (1851–2005) 
Tropical Storm Tracks (1851–2005) Category 4–5 Hurricane Tracks (1851–2005) 
Tropical  Depression Tracks (1851–2005) Storm Surge (2017 SLOSH MOM Model) 
Community Level Index (CLI) Median age % households receiving Social Security benefits 
Median gross rent % ESL population 
Median dollar value of owner-occupied housing % employed in extractive industries 
Per capita income % children living in married couple families 
Average people per household % female 
%  of each nationality % female headed households 
% Hispanic % population living in mobile homes 
% unemployed % housing units with no car 
% population over 25 with under 12 year education % families earning $200,000 + per year 
% population in poverty % employed in service industries 
% renter occupied housing units % population living in nursing homes 
% unoccupied housing units 
 
Nursing Home Level Index (NHLI) % of long-stay residents whose need for help with daily 
activities has increased 
% of long-stay residents who self-report moderate to severe 
pain 
 
% of long-stay residents experiencing one or more falls with major injury 
 
% of long-stay residents assessed and appropriately given the seasonal 
influenza vaccine 
% of high risk long-stay residents with pressure ulcers % of long-stay residents assessed and appropriately given the 
pneumococcal vaccine 
% of long-stay  residents who  lose too much weight % of long-stay residents who received an antipsychotic medication 
% of low risk long-stay residents who lose control of their 
bowels or bladder 
% of long-stay residents with a catheter inserted and left in their 
bladder 
% of long-stay residents whose ability to move independently worsened 
 
% of long-stay residents who received anti-anxiety or hypnotic medication 
% of long-stay  residents with  a urinary tract infection Staffing hours per resident per day (CAN, LPN, RN, Total staffing) 
% of long-stay residents who have  depressive symptoms Organization type (For-profit, governmental, non-profit) 
% of long-stay resident who were physically restrained 
 
profit ownership have been linked to poorer quality of care) [36–38]. 
Staffing hours available in the CMS public use data are registered nurses 
(RN) licensed practice nurses (LPN) and certified nursing assistants 
(CNA); physician extenders are not in this data set. 
All variables for each subindex were analyzed using Principal 
Components Analysis (PCA) to reduce multicollinearity within the data. 
Data were normalized using z-score standardization and Pearson's 
correlation was used to assess correlation between variables. A KMO & 
Bartlett's test of sphericity was implemented to quantitatively establish 
which variables were suitable for use within a component [39]. Upon 
completing the Pearson's correlation, factor analysis allowed examina- 
tion into which variables, and subsequent factor components, were 
responsible for the largest proportion of variance. 
To assist in interpreting variable impact for component selection, a 
varimax rotation was implemented to assess which variable explains 
the highest portion of variance within each component [33]. Compo- 
nents were selected according to the Kaiser criterion rather than par- 
allel analysis, which removed components related to nursing homes 
[33,40]. 
Analytical hierarchy process (AHP) was used for the NHLI to ad- 
dress concerns pertaining to the validity of factor selection from the 
NHLI PCA [41–43]. AHP allowed for an expert choice weighting 
scheme to be created for the 20 individual NHLI variables that could be 
combined in a hierarchical design. A convenience sample of experts 
who have/had worked in long-term care facilities in either research or 
occupational capacities ranked the nursing home variables (e.g., ad- 
ministrator, regional vice president). 
All individuals hold/held positions of leadership in this field. There 
were five total experts chosen for this portion of the analysis. Each 
expert was emailed the list of variables with the instructions to rank 
them on their criticality (9 being most critical, 1 being least critical) 
during a disaster and the facility's evacuation or shelter in place. The 
results from the survey were averaged to determine the importance of 
each variable and a pairwise comparison matrix was used to evaluate 
each variable compared to one another (Saaty 1980). The largest ei- 
genvalue in the comparison matrix is isolated and placed into the 
Consistency Index (CI) formula where P = the largest eigenvalue and 
n = the size of the matrix: 
CI = (P-n) / (n - 1) 
The CI value is then compared to the Random Consistency Index 
(RI) value which is given by Saaty (1980) to determine if the weights 
calculated are appropriate. This process is completed by calculating the 
Consistency Ratio (CR): 
CR = CI / RI 
If the CR value is found to be < 0.1 then the variable weights which 
were calculated from the comparison matrix are considered appropriate 
and can be confidently implemented. Results from both NHLI outputs 
(PCA and AHP) were compared to the existing literature on organiza- 
tional theory [44,45] to determine which output was more appropriate 
to be retained for the final index. 
The resultant indices created from the two inductive designs (e.g., 
CLI, HLI) were combined with the hierarchical AHP index (NHLI) using 
a equal weights hierarchical approach to create a final multivariate 
nursing home vulnerability index (MNHVI) (Fig. 1). All index scores 
were standardized before combination for the MNHVI. The hierarchical 
approach provides well-defined theoretical organization and reduced 
statistical complexity compared to the inductive approach [5,46]. The 
three indices were weighted according to the recommended equal 
weights aggregation scheme [30,33]. This inductive-hierarchical ap- 
proach to a vulnerability assessment allows for a statistically robust 
factor selection through the inductive approach while retaining an or- 
ganized theoretical design implicit in the hierarchical approach. The 
multivariate nursing home vulnerability index displays, both visually 
and quantitatively, the locations found to be most at-risk to natural 
disasters, socioeconomic conditions, and institution level factors. To 
determine the correlation and clustering of each value with itself across 
 
Fig. 1. Inductive-hierarchical model. 
 
the study area, Global Moran's I and Anselin Local Moran's I were 
employed to test for spatial autocorrelation. 
 
2. Results 
 
2.1. Hazard Level Index (HLI) 
 
The HLI included 15 natural hazard variables and after the PCA 
yielded 2 components that collectively explained 65.06% of the total 
variance (Table 2). The two components were named according to the 
variables with the highest loading values within each factor. Compo- 
nent 1 was titled Storm Surge (43.77%) and component 2 was titled 
Minor Hurricanes and Flooding (21.29%). 
As expected, the majority of the Very High and High vulnerable 
tracts are along the coast where potential for hurricanes and storm 
surge is most concentrated (Fig. 2). Inland regions classified with above 
average vulnerability were due to inland flood zones from the NFHL. 
This can be observed by examining the number of Very High vulnerable 
tracts along the eastern coast of the Mississippi River. The proximity to 
the Mississippi River will not increase the possibility for storm surge in 
these tracts, however, it is expected to increase the size and amount of 
flood zones, which is accounted for in component 2, Minor Hurricanes 
and Flooding. 
 
2.2. Community Level Index (CLI) 
 
The CLI PCA produced 7 components (Table 3). These components 
collectively explained 71.6% of the total variance. The factors were 
named according to the variables which produced the highest loading 
values within each component. Components were named Poverty and 
Minority Population (25.3%), Age (16.9%), Income and Housing 
(9.8%), Hispanic Population (6.6%), Family Status (4.9%), Employ- 
ment and Female Population (4.4%), and Nursing Facility Population 
(3.75%). 
The geographic pattern of the CLI at the census tract scale is dis- 
played in Fig. 3 and is driven by components with high rates of relative 
poverty and minority populations. Due to the fine spatial scale of census 
tracts within the larger study area, the distribution and clustering of 
 
Table 2 
Hazard level index (HLI) PCA results. 
Component 1 2 
 
 
Fig. 2. Hazards Level Index created through a Principal Components Analysis at 
the Census Tract scale for the Southeastern United States. 
 
vulnerability within high population density regions is difficult to 
identify. However, tests of spatial autocorrelation with Global Morans I 
show significant clustering of vulnerability (p < 0.001). Anselin Local 
Morans I tests of local spatial autocorrelation show significant clus- 
tering of vulnerability (p < 0.05) for 87.4% of the census tracts within 
the study area. Urban tracts were found to be highly clustered. 
 
2.3. Nursing Home Level Index (NHLI) 
 
The NHLI began with 20 variables at the nursing home facility and 
   resident levels, and resulted in 7 components (Table 4). These compo- 
Title Storm Surge Minor Hurricanes and Flooding 
 
 
Percent Variance 43.77% 21.29% 
Eigenvalue 4.815 2.341 
Top Loading Variables SLOSH Model Category 1–3 Hurricane Tracks 
nents collectively explained 55.45% of the total variance. The factors 
were named according to the variables which produced the highest 
loading values within each component. Components were named 
Staffing (13.69%), Vaccines (9.36%), Mobility (8.96%), Inappropriate 
   Use of Medication (6.88%), Residents with Urinary Tract Infections 
Table 3 
Community level index (CLI) PCA results. 
Component 1 2 3 4 5 6 7 
Title Poverty and Minority Age Income and Housing Hispanic Family Status Employment and Female Nursing Facility 
 Population   Population  Population Population 
Percent Variance 25.3% 16.9% 9.8% 6.6% 4.9% 4.4% 3.75% 
Eigenvalue 6.84 4.56 2.65 1.79 1.32 1.19 1.01 
Top Loading % population in Median Age Per capita income, % Hispanic, % % children in % unemployed, % female, % population living 
Variables poverty, % non-white  Median dollar value ESL population married couple % female headed in nursing homes 
 population  of housing  families households  
 
being most critical, 1 being least critical) as well as the resultant weight 
from the AHP. Fig. 5a and b displays the NHLI vulnerability scores at 
the census tract and county level, respectively. 
The relative importance of each variable shifted significantly be- 
tween the PCA and the AHP methods. While variables associated with 
staffing were determined to explain the highest proportion of variance 
from the PCA results, the AHP method displays that staffing related 
variables should only be weighted at 5.66%. Whereas the AHP 
weighting scheme showed mobility related variables (Percentage of 
long-stay residents whose need for help with daily activities has in- 
creased and Percentage of long-stay residents whose ability to move 
independently worsened) should be calculated with the highest weights 
(9.66% and 8.90%, respectively). By changing from the PCA to the AHP 
method, the NHLI emphasizes the conditions of residents and de-em- 
phasizes staffing. 
 
2.4. Multivariate nursing home vulnerability index (MNHVI) 
 
 
 
 
 
 
 
 
 
 
 
Fig. 3. Community Level Index — created using a Principal Components 
Analysis. Both figures are created at the Census Tract scale for the Southeastern 
United States. 
 
(UTIs) (5.91%), Residents with Ulcers (5.63%), and Residents with 
Depressive Symptoms (5.02%). 
The geographic pattern of the NHLI at the census tract scale is 
displayed in Fig. 4a. However, only 15.9% of all census tracts within the 
southeast contain at least 1 nursing home. The fine spatial scale of 
census tracts within the larger study area, in addition to the small 
number of tracts containing nursing homes, makes visually representing 
spatial distribution of vulnerability at this scale dfficult. To overcome 
this limitation, the NHLI vulnerability scores were aggregated to the 
county level according to the average NHLI vulnerability score of tracts 
within each county (Fig. 4b). 
The results from the NHLI PCA seemed questionable for the pur- 
poses of this study. While staffing, vaccines, and medication are cer- 
tainly key factors to determining vulnerability of individual residents 
and facilities, these factors may not play as vital a role in vulnerability 
to shelter-in-place or evacuation scenarios following a natural disaster 
as the PCA suggests. To address this concern, AHP with expert choice 
rankings was implemented, according to existing organizational theory 
literature, to identify a weighting scheme for the 20 individual vari- 
ables. Table 5 displays the average rank ascribed to each variable (9 
The standardized index scores from the CLI, HLI, and NHLI were 
combined at the census tract level in an equal weights hierarchical 
model. The multivariate vulnerability index was produced at the census 
tract and county levels (Fig. 6a and b). The equal weighting scheme for 
the three index scores was chosen due to a lack of objective reasoning 
for an unequal weighting scheme [33]. Tests of autocorrelation through 
Global Morans I show significant clustering (p < 0.001). The majority 
of the highly vulnerable locations for the study area are clustered along 
the coastal tracts and counties, indicating that vulnerability is often- 
times attributable to geographic location of facilities. 
At the census tract level, 11.92% of nursing homes are located with 
the Very Low vulnerability class, 15.28% are within tracts classified as 
Low vulnerability, 17.91% within the Average class, 24.99% within the 
High class, and 29.89% are within the Very High class. However, when 
aggregated to the county level, these percentages change significantly. 
At the county level, 13.33% of nursing homes are within counties 
classified as Very Low, 19.38% within the Low class, 18.07% within the 
Average class, 21.79% within the High class, and 27.27% within the 
Very High vulnerability class. 
 
3. Discussion 
 
This study identifies nursing home vulnerability attributable to lo- 
cation using a triangulated approach that included natural hazards, 
community vulnerability and nursing home attributes. Vulnerability 
reduction is a core element of managing disaster risk and has been 
identified as the most important prerequisite for minimizing the de- 
struction of physical structures and harm to their inhabitants [47,48]. 
Vulnerability within the U.S. disproportionately falls on older adults, 
who often experience the largest number of deaths and injuries during 
and after natural disasters [31]. A recent example of harm to this de- 
mographic, incurred by natural hazards, was in the aftermath of Hur- 
ricane Irma where 14 nursing home residents died when their facility 
lost power and air conditioning [49]. As a response to this dispropor- 
tionate harm, healthcare facilities, including nursing homes, are now 
Table 4 
Nursing home level index (NHLI) PCA results. 
Component 1 2 3 4 5 6 7 
Title Staffing Vaccines Mobility Inappropriate Use of Medication Residents with UTIs Residents with Ulcers Residents with Depressive 
Symptoms 
Percent Variance 13.69% 9.36% 8.96% 6.88% 5.91% 5.63% 5.02% 
Eigenvalue 2.738 1.871 1.792 1.377 1.183 1.126 1.003 
Top Loading Variable Staffing per % residents who % residents whose needs for help % residents who received medication % residents with a urinary % residents with % residents with 
 resident per day received vaccines with daily activities increased (antipsychotic, hypnotic, and anti-anxiety) tract infection pressure ulcers depressive symptoms 
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Table 5 
NHLI AHP. 
Variable Name Average Rank Weight 
Percentage of long-stay residents whose need for help with daily activities has increased 7.6 9.66% 
Percentage of long-stay residents who self-report moderate to severe pain 5.2 6.61% 
Percentage of high risk long-stay residents with pressure ulcers 6.4 8.14% 
Percentage of long-stay residents who lose too much weight 5.4 6.87% 
Percentage of low risk long-stay residents who lose control of their bowels or bladder 5 6.36% 
Percentage of long-stay residents with a catheter inserted and left in their bladder 5.2 6.61% 
Percentage of long-stay residents with a urinary tract infection 4.4 5.59% 
Percentage of long-stay residents who have depressive symptoms 6 7.63% 
Percentage of long-stay residents who were physically restrained 4.8 6.10% 
Percentage of long-stay residents experiencing one or more falls with major injury 6 7.63% 
Percentage of long-stay residents who received appropriate vaccines 3.2 4.07% 
Percentage of long-stay residents who received appropriate medication 6.2 7.88% 
Percentage of long-stay residents whose ability to move independently worsened 7 8.90% 
Staffing (CNA, LPN, RN, Total Staff) 4.5 5.66% 
Organization type (For-Profit, Non-Profit, Government) 1.8 2.29% 
 
Fig. 5a. NHLI AHP method - Tract Level. 
The Nursing Home Level Indices (Fig. 5a and b) are constructed using the 
Analytical Hierarchy Process for the Census Tract (Fig. 5a) and  the  County 
Level (Fig. 5b) spatial scales. 
Fig. 5b. NHLI AHP method - County Level Aggregation. 
The Nursing Home Level Indices (Fig. 5a and b) are constructed using the 
Analytical Hierarchy Process for the Census Tract (Fig. 5a) and  the  County 
Level (Fig. 5b) spatial scales. 
 
required to complete a risk assessment using an all-hazards approach 
that focuses on their capacities and capabilities. Included in the risk 
assessment is an understanding of the vulnerabilities attributable to 
place including natural hazard risks, and community-based risks and 
vulnerabilities, which allows for improved planning, preparedness, 
mitigation, response and recovery [24]. 
The clusters throughout the study area that were identified as the 
most vulnerable for the MNHVI are predominantly attributable to their 
geographic location along the coastline, which is visually evident 
through the HLI. This finding is not surprising and confirms the notion 
that geographic location contributes to, and often drives, vulnerability. 
However, there are cases when the HLI and geographic location are not 
the driving factor for vulnerability classification. Large inland cities 
(i.e., Atlanta, Charlotte, and Nashville, U.S.) have higher rates of vul- 
nerability clustering than surrounding regions. These inland city 
vulnerability clusters are predominantly attributable to CLI scores 
which reveal the importance of identifying relative financial and social 
poverty as a driving force of community vulnerability. Emergency 
management personnel can use these CLI scores to identify pockets of 
vulnerability that are associated with community demographics and 
allocate resources to assist these communities and the nursing homes 
therein. 
NHLI scores are often the driving factor for high MNHVI scores in 
rural/high poverty areas such as, Clay, Owsley, and Leslie counties in 
Kentucky, U.S., which tend to have correspondingly high CLI scores. 
Vulnerability that is attributable to either community or NHLI vulner- 
ability requires officials within these locations to prepare for disasters 
using organizational factors and community sensitivity. Nursing homes 
located in these regions should evaluate vulnerability using organiza- 
tional factors (resident acuity/change in status, quality of care metrics, 
 
 
Fig. 6a. MNHVI - tract level. 
The Multivariate Nursing Home Level Indices (Fig. 6a and b) are constructed 
using the equal weights methodology for the Census Tract (Fig. 6a) and the 
County Level (Fig. 6b) spatial scales. 
 
Fig. 6b. MNHVI - county level aggregation. 
The Multivariate Nursing Home Level Indices (Fig. 6a and b) are constructed 
using the equal weights methodology for the Census Tract (Fig. 6a) and the 
County Level (Fig. 6b) spatial scales. 
and staffing) and community sensitivity, as well as understand their 
natural hazard exposure. Clusters of high NHLI vulnerability are asso- 
ciated with nursing home facility demographic similarities across 
census tracts and counties. Therefore, nursing homes located within 
highly vulnerable NHLI tracts and counties are more likely to house 
residents with limited, or reduced, mobility than nursing home facilities 
within low vulnerable NHLI areas. The identification of these counties 
or tracts with higher NHLI vulnerability allows for more accurate dis- 
cussions between nursing home administrators, emergency manage- 
ment personnel, family members, and regulators related to evacuation 
and shelter-in-place decisions. 
The MNHVI, which is the additive combination of vulnerability 
identified through the HLI, CLI, and NHLI, is designed to help build 
knowledge pertaining to nursing home vulnerability with the goal of 
helping improve individual nursing facility risk assessment and annual 
emergency plan updates. The additive nature of this index displays the 
majority of vulnerability along the coastlines where HLI values are most 
impactful. Outliers of high or low vulnerability within the MNHVI are 
due to extreme high or low values from the CLI or NHLI (e.g. 
Williamson County, TN, U.S. and Alachua County, FL, U.S.). The impact 
that the HLI has on the MNHVI may support the hypothesis that geo- 
graphic location is highly impactful on nursing home facility vulner- 
ability. 
The mapped outputs from the MNHVI can provide facilities an ea- 
sily distributable form of visual and quantitative information to share 
with emergency management agencies, family members or re- 
presentatives of residents in nursing homes [50]. While previous 
models of vulnerability identification have been constructed, it is to the 
knowledge of the researchers that there has never been an index con- 
structed at this large of a scale, using a natural hazards approach, that 
can be used specifically for individual nursing home facilities risk as- 
sessments and emergency plans for responding to disasters. 
Prior to the creation of the MNHVI, Cutters SoVI (Shirley et al., 
2012) and Morath and Hames et al.s MedVI [12,51] have been used to 
identify clusters of vulnerability for older adults. Neither of these in- 
dices were specific to nursing home facilities and therefore could not be 
used to confidently improve risk assessments. The SoVI is able to 
identify geographies of social vulnerability at both the national and 
sub-national level. However, social vulnerability is relative and was 
determined to be too coarse of an identifier for nursing facility vul- 
nerability, especially under the natural hazards approach, which is why 
the inclusion of the HLI and NHLI were pertinent for this analysis. The 
MedVI has been used to identify socially and medically vulnerable 
geographies for non-institutionalized older adult populations at the sub- 
county level for several counties within Florida [12]. Yet the MedVI is 
not specific to nursing home populations and fails to include the fre- 
quency of natural hazards. 
The MNHVI created in this study adds to the previous knowledge 
created by the SoVI and the MedVI. The SoVI methodology is in- 
corporated as one of the sub-indices of the MNHVI to capture com- 
munity vulnerability. Nursing home residents are inherently medically 
vulnerable and therefore the MedVI model was not incorporated into 
the MNHVI, however the variables associated with medical and resident 
vulnerability were evaluated by experts and captured through the NHLI 
sub-index. The MNHVI also incorporates vulnerability attributable to 
frequency and likelihood of natural hazard occurrences through the HLI 
sub-index. The identification of these core components (HLI, CLI, and 
NHLI) provides further insight into which community, hazard, and 
nursing home related variables have the largest impact on vulnerability 
throughout the study area. 
The specificity of this index, relating to the older adult and nursing 
home facilities, enables necessary personnel to visualize vulnerability 
across the study region for a demographic that has historically been 
disproportionately impacted by natural hazards [7,10,31]. As the older 
adult population (65 + years) is expected to double from 43.1 million 
in 2012 to 83.7 million in 2050, and the oldest adult population 
(85 + years) is expected to triple from 5.8 million in 2012 to 17.9 
million in 2050 [52], and is expected to account for 20% of the 
American population by 2040 [31], the knowledge of vulnerable clus- 
tering of this demographic is becoming increasingly important. There- 
fore, identifying clusters of vulnerability can guide policy development, 
resource allocation, and local and organizational planning. 
Specific examples of potential resources allocation may include, but 
are not limited to, appropriation of emergency transportation vehicles 
in vulnerable locations, and providing additional, or back-up, fuel for 
generators to facilities that are more likely to experience power- 
outages. For disasters, which are projected to have long-term impacts 
and result in the potential prolonged displacement of certain residents, 
it is also important for emergency managers and facility administrators 
to have a plan for providing additional food and water for these re- 
sidents. Emergency management personnel must determine facilities 
that need to be evacuated first, and the identification of vulnerable 
clusters can provide additional justification for timely evacuation of the 
most at-risk residents and the determination of the most appropriate 
location for these residents to be evacuated to Refs. [53–55]. 
The methods implemented in this study can be used by those who 
provide services to older adults in several ways. The inductive-hier- 
archical model that is employed illuminates not only which facilities 
house residents which are, comparatively, more vulnerable, but which 
vulnerable facilities are geographically vulnerable, as well. The results 
of this study can assist administrators in their risk assessment and 
planning, development of policies and procedures, communication 
plan, and training and testing to comply with the newly promulgated 
emergency preparedness regulations in the United States (Medicare and 
Medicaid Programs; Emergency Preparedness Requirements for 
Medicare and Medicaid Participating Providers and Suppliers; Final 
Rule, n.d.). By pinpointing census tracts and counties that are more at- 
risk, additional preventative measures and proactive strategies (i.e., 
policies and procedures to address identified vulnerabilities, training of 
staff on these procedures), along with increased collaboration with 
other critical infrastructure organizations (i.e., police, ambulance, fire, 
etc.) can occur [22]. Vulnerability of older adults to natural disasters 
and evacuations does not end when the storm is over as stressful si- 
tuations can worsen existing physical and cognitive conditions [16]. By 
identifying facility level vulnerability, steps can be made to potentially 
lessen post-disaster morbidity, mortality, and post-traumatic stress to 
residents [25,31]. 
While the MNHVI does incorporate similar methods to traditional 
social vulnerability indices, the MNHVI is constructed using an idio- 
syncratic, triangulated, inductive-hierarchical approach. The in- 
corporation of expert rankings, dictated by existing organizational 
theory, (e.g. Refs. [15,16,44,45] through AHP methodology, is ex- 
pected to alter the uncertainty within the MNHVI. Previous research 
has identified the necessity to validate vulnerability indices, or at the 
very least to quantify and state uncertainty associated with outputs 
[30]. It is an understood limitation of this study that the potential un- 
certainty within this index could not be quantified. 
Several accepted limitations are included within this study. First, 
there are variables which were not incorporated into each of the sub- 
indices, which have been incorporated into other vulnerability indices 
(e.g., wildfire, railways, etc.) [26]; McLaughlin et al., 2002). The 
variables chosen for the HLI do have a coastal bias, which results in 
higher coastal vulnerability for the MNHVI and HLI. In future studies, 
vulnerability indices would benefit from incorporating additional 
variables (i.e., the wildland-urban interface (WUI) as a proxy for 
wildfire risk, and FIRMS for inland and small stream flooding vulner- 
ability). For this study, however, it was determined that hazards pre- 
dominately experienced along the coast of the southeastern United 
States, especially those related to hurricanes and flooding, were of the 
utmost importance for older adult vulnerability [19,54]. 
Additional variables for the NHLI and CLI could also be in- 
corporated. Variables directly associated with nursing home 
vulnerability, within the contents of this study, are relatively un- 
explored and require further analysis. These variables could include, 
but are not limited to, analysis of road density and access to transpor- 
tation networks, proximity to rail lines and power plants, and more 
detailed resident acuity data [54]. incorporated interviews with facility 
administrators who were impacted by storms. While unique experiences 
detailed in interviews are not replicable, we believe that the variables 
chosen for the CLI, HLI, and NHLI and the MNHVI provide a more ro- 
bust picture which can be used for pre-event planning and future vul- 
nerability research focused on nursing home residents. 
Future research expanding the use of geospatial analysis with other 
facility and resident level data sets should be considered. Analysis using 
nursing home specific information can provide administrators, local 
emergency management agencies and other ESF-8 (FEMAs Emergency 
Support Function #8 - Public Health and Medical Services) responders 
with information at a granular level that is more useful and applicable 
to their preparation and response needs. Potential future directions 
implementing these geospatial statistics and technology can produce 
vulnerability scores at a smaller, more specialized scale as well as 
confidence intervals around vulnerability scores. Employing these in- 
novative computational and statistical strategies will allow for mapping 
at a finer scale along with enhanced policy and risk assessment deci- 
sions at a variety of emergency management levels. 
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